In this paper, we present a semi-automated segmentation method for magnetic resonance images of the quadriceps muscles. Our method uses an anatomically anchored, template-based initialization of the level setbased segmentation approach. The method only requires the input of a single point from the user inside the rectus femoris. The templates are quantitatively selected from a set of images based on modes in the patient population, namely, sex and body type. For a given image to be segmented, a template is selected based on the smallest Kullback-Leibler divergence between the histograms of that image and the set of templates. The chosen template is then employed as an initialization for a level set segmentation, which captures individual anatomical variations in the image to be segmented. Images from 103 subjects were analyzed using the developed method. The algorithm was trained on a randomly selected subset of 50 subjects (25 men and 25 women) and tested on the remaining 53 subjects. The performance of the algorithm on the test set was compared against the ground truth using the Zijdenbos similarity index (ZSI). The average ZSI means and standard deviations against two different manual readers were as follows: rectus femoris, 0.78±0.12; vastus intermedius, 0.79±0.10; vastus lateralis, 0.82±0.08; and vastus medialis, 0.69±0.16.
INTRODUCTION
O steoarthritis (OA) is the most common form of arthritis, 1 with an incidence in one or more joints of up to 90% in persons over the age of 65. 2 The pain and reduced mobility caused by advancing OA is a major cause of concern for both the aging population and the healthcare system. OA is characterized by degeneration of the articular cartilage with concomitant cartilage repair and remodeling, subchondral bone sclerosis (hardening), and osteophyte (bone spur) and bone cyst formation.
2 Clinical signs and symptoms that may accompany these joint changes include joint pain, effusion, crepitus, movement restriction, and gait abnormalities. Currently, the diagnosis of OA is based largely on an overall clinical picture, integrating patient presentation (joint pain) with laboratory (erythrocyte sedimentation rate and synovial fluid evaluation) and radiographic (joint space narrowing on X-ray) studies. 3 However, the nature of the disease has been difficult to delineate beyond a symptomatic or morphologic presentation.
Known risk factors for knee OA, derived mainly from cross-sectional studies, include obesity, previous knee injury, selected forms of physical activity, and a family history of the disease. One potential risk factor that has not been particularly well-explored is the role of the quadriceps in knee OA. A recent study has demonstrated an association 1 between quadriceps weakness (as measured by isometric strength) and knee OA in 2,472 subjects age 60 years and older. 4 However, this study did not investigate cross-sectional area (CSA) of the quadriceps. Hence, it does not help elucidate the relationship between muscle weakness and muscle size, the neuromuscular system, pain, or a combination of these factors. There have also been longitudinal studies that have suggested that quadriceps weakness is a risk factor for incident OA of the knee. 5, 6 Interestingly, it has been shown in at least one study that obesity, knee injury, and level of physical activity influence incidence of OA more than its radiographic progression. 7 However, the application of magnetic resonance imaging (MRI) to the study of OA offers information about the entire joint not readily available in simple radiographs. Recent studies have shown that a decrease in anatomical and physiological muscle CSA measured on MRI is related to loss of strength. 8, 9 In addition, the measurement of quadriceps muscle volume from both serial and single-slice MRI studies has been shown to be reliable in adult males. 10 Therefore, the analysis of anatomical measurements of the quadriceps muscles on MRI, coupled with strength measurements, may allow for an improved understanding of the functional relationships between loss of strength, reduction in quadriceps CSA, and clinical symptoms of OA. Such information could be extremely useful in devising novel prevention and treatment strategies.
Collectively, recent literature has provided the motivation to begin investigating the quadriceps and to determine if there is an association between CSA and extent of knee OA in data sets with a large cohort of subjects. Previous work in image analysis of OA of the knee has focused mainly on cartilage. Semi-automated methods for segmentation of the cartilage have been developed using methods for initial point selection/curve refinement, such as active contours, 11-14 and edgetracking procedures, such as livewire.
15,16 With respect to muscle segmentation, the common practice is to trace the muscles using a light pen, trackball, or mouse-controlled pointer. 17 Some computer-assisted segmentation methods have also been developed to segment muscles. 18 In these methods, edge detection methods and watershed are used to segment muscles, which need to be verified by human readers and modified. These methods are surely inefficient when it comes to segmenting individual components of the quadriceps muscles. Although there is some work in segmentation of some components from CT images where the intensity values are standardized to Hounsfield units, 19 to the best of the authors' knowledge, there has been no previous work performed on the (semi)-automated segmentation of the individual quadriceps muscles from MR images. Initial experiments for the current work were performed with livewire segmentation; however, the results of the segmentations were extremely poor qualitatively (i.e., visually), so this method was not pursued further.
Our study describes a method of semi-automatically segmenting the four quadriceps muscles-rectus femoris (RF), vastus intermedius (VI), vastus lateralis (VL), and vastus medialis (VM)-which can be used to facilitate the discovery and characterization of imaging biomarkers of OA. The method is based on templates quantitatively determined as representative of a subpopulation of subjects to be segmented, followed by a level set-based contour evolution on pre-processed images to capture anatomical variations in a specific subject.
DATA
Data were obtained from the Osteoarthritis Initiative (OAI) database, available for public access at http://www.oai.ucsf.edu/. 20 The study has enrolled 4,796 volunteers from ages 45 to 79, with 42% men and 58% women and 20% ethnic minorities. Each volunteer undergoes a series of clinical, biochemical, genetic and imaging procedures during an enrollment visit. They then participate in annual follow-up visits for a period of 4 years, with the same tests performed at each visit similar to enrollment. Specific datasets used were from version 0.B.2 of the OAI release. T1-weighted axial MRI scans of the thigh, approximately 17 cm proximal to the medial femoral epiphysis of the right knee, were analyzed ( Table 1 ). The images were 512×256 pixels. Images and corresponding clinical scores (KL grades 21 ) were available for 103 subjects from the baseline OAI study (Table 2) ; hence, these were the only data used for the development of the algorithm. There were 53 men and 50 women, with a mean age of 61.2 years ( Table 2 ).
The algorithm was developed using a randomly selected training dataset of 50 subjects (25 male and 25 female) from the full dataset of 103 subjects. The subjects selected for this training set were verified as representative of the entire population of patients with respect to age, body mass index, and severity of OA (using the KL grade). All methodology parameters were experimentally optimized for this training subset.
METHODOLOGY
Segmentation of the quadriceps muscles from MR images is challenging due to lack of delineating landmarks between muscle subgroups, the presence of intramuscular adipose and connective tissue with high contrast, acquisition artifacts caused by arterial flow, and non-uniformity due to bias fields (Fig. 1) 22 . Such problems make the use of simple segmentation procedures, such as thresholding, unfeasible.
The multistep method that we propose herein utilizes templates to model basic anatomical structures and then employs a level-set procedure to capture anatomical variations in each subject (Fig. 2) .
Image Pre-processing for Template Selection
The first step in the algorithm was a preprocessing of the images to standardize the MR image intensities. The standardization of MR image intensities across subjects with images acquired at different times and at different sites was important for the consistent application of the developed algorithm. Intensity standardization was achieved through a two-step process ( Fig. 3 ):
1. Correction of the slowly varying multiplicative bias field created by magnetic field inhomogeneities using the nonparametric, nonuniform intensity normalization (N3) algorithm described in Sled et al. 23 Other methods attempted for bias field correction included homomorphic filtering and entropy-based intensity correction; on visual Multiple values for percentage of truncated intensities were tested-0.05%, 0.1%, 0.5%, 1%, and 5%. It was determined that only a small percentage of outliers needed to be removed for the consistent calculation of KL divergence between image histograms in the template matching step (described later). Therefore, a value of 0.05% was used.
Bias field correction followed by intensity scaling for use in intensity standardization follows the order suggested in Madabhushi and Udupa. 24 
Template Selection
The selection of the images to use as templates, along with the selection of the proper template to use for segmentation of a given image, is an important initial step for the successful final segmentation of the quadriceps muscles by level set contour evolution. There is a large variation in the images to be segmented due to sex and body type. Therefore, we employed a set of templates based on sex and body type to more accurately initialize the segmentation process. Initially, thigh shape was taken as a criterion for template selection. The results turned out to be unacceptable. It was then found that the use of an automatically derived affine transformation (described later) allowed the shapes of templates and the images to be segmented to be well-matched. The quantification of body type was instead calculated using a muscle/fat ratio, described below.
The training set was used for selection of images to be used as templates. First, the training set was separated by sex. The intensity histogram of the thigh region of interest was then generated for each image. The intensity histograms each consisted of two modes: a low-intensity mode, which corresponded to muscle, and a high-intensity mode, which corresponded to fat. The modes were separated by employing an experimentally determined optimal threshold of 0.45. This value was determined in previous work with the same dataset, which analyzed the optimal intensity threshold for separating intramuscular fat from lean muscle. 25 The ratio of muscle/fat pixels was then calculated for each image. The results were used to generate a ten bin histogram of muscle/fat ratios for each sex (Fig. 4) . The use of ten bins allowed for significant collections of similar muscle/fat ratios to be included in a single bin while retaining the contrast between subjects with qualitatively (i.e., visually) different body types. The intensity probability density function was then estimated by kernel density estimation 26, 27 f n x ð Þ ¼ 1 nh
where n was set to the number of histogram bins, the kernel K was Gaussian with a bandwidth h equal to the width of the histogram bins, and X j was the value of data point j.
The modes of the smoothed histograms were calculated by identifying local maxima. The number of modes detected corresponded to the number of different templates used for each sex. For both men and women, three templates corresponding to three maxima were used. Three representative images with muscle/fat ratios closest to each mode were then selected as templates.
Registration of Template to Image
There were a total of six templates used, three each for men and women (Fig. 5 ). Histograms were employed to compare template images to the image to be segmented. Background pixels were removed. The number of bins in each histogram was set to 100, a value experimentally determined to be adequate for comparisons of the templates and the image to be segmented. For typical MR values, this number was a good choice to allow both (1) gray-level variation between different organs and tissues in the image and (2) manageable computations, considering that the original gray levels would result in 2 16 bins. The normalized histograms were used to select the proper template by calculating the Kullback-Leibler (K-L) divergence, D i (p,q i ) between the image's normalized histogram p, and each template's normalized histogram q i , i=1,2,3.
The template corresponding to the lowest divergence was chosen as the template to be used for the segmentation I T s . The selected template I T s was then aligned to the image under consideration, I by an affine registration using landmark points, 29 which were extracted from I T s and I automatically. An affine registration of the template was appropriate as thighs tend to be of different sizes, but the shapes tend to be circular or elliptical. Therefore, both scaling and skewing were important operations for the registration. The first landmark point, the centroid of Original image (left) and N3-corrected image (right). Note the intensity correction of the subcutaneous fat (vertical arrow); however, the artifact due to the RF coil is not completely removed (horizontal arrow).
the femur, was extracted by locating the femur medulla (a high intensity circular region) and expanding the contour encapsulating that region to include the cortex (a low intensity region surrounding the medulla) using the method described in Prescott et al. 30 (Fig. 6 ). Two test subjects had errors in the segmentation of the femur; therefore, manual femur segmentations were substituted.
Using the segmented femur region, four points lying on the boundary of the thigh were identified along the horizontal and vertical axes extending from the femur centroid (Fig. 7) . The resulting five points (femur centroid and four thigh boundary points) in each image were used to calculate the affine transformation. Muscle contours of the quadriceps muscles of I T s were then transformed into the coordinate space of I by this affine transformation (Fig. 8) . These contours were used as initializations for the quadriceps level set segmentations.
Image Pre-processing for Segmentation
The images were pre-processed to improve the segmentation accuracy. However, these preprocessing steps also affected the histogram of the image, which was important for appropriate template selection. Therefore, pre-processing was performed after template selection.
The first step was the reduction of intramuscular fat and connective tissue (Fig. 9) . These tissue types appeared as thin, high-intensity lines within the muscle and caused high-gradient regions within the thigh. 31 The edge-based level set segmentation was adversely affected by the presence of the strong edges produced by the highgradient boundaries of the intramuscular fat, creating local optima. Regions of intramuscular fat were located by first thresholding the image using an intensity level of 0.45 (the same as for the muscle/fat ratio calculations) and then performing a morphological skeletonization on the resulting binary image. Regions which retained 40% or more of their area (in pixels) after skeletonization were deemed to correspond to areas of intramuscular fat or connective tissue. The pixels in these areas were replaced with random pixels generated from a normal distribution with the same mean and variance as muscle in the rest of the image.
For further analysis of these threshold values, the interested reader is referred to Prescott et al. 25 An anisotropic diffusion filter was then applied to the image. 32 This filter smoothed regions of near-homogeneous intensity while enhancing edges between contrasting regions. The background was then removed by a combination of thresholding and morphological operations. An experimentally determined threshold of 0.15 was employed as an initial estimate for pixels corresponding to background. This value was found to provide good visual separation of the background over the entire training set. However, in some instances the threshold would remove areas corresponding to the RF coil artifact. These areas were retained by performing morphological closing with a 3×3 square structuring element and filling in the holes created by this process. Therefore, the final background that was removed from further processing was a combination of a standardized intensity threshold and morphological operations.
The femur was removed using the region previously generated for the extraction of fiducial points for registration. This inhibited the faulty segmentation of the femur cortex as part of the quadriceps muscles due to the high gradient at the boundary of the cortex and medulla. Finally, the normalized images were scaled to a range of [0, 3,000]. This allowed for a more consistent gradient map, which was important for the edge-based evolution of the level set.
Segmentation
The segmentation was performed using a multiphase level set evolution, consisting of a contraction phase followed by an expansion phase. The multiphase method employed the level set without re-initialization approach described in Li et al., 33 , with anatomically anchored modifications. The first modification was the use of separate phases in the segmentation-a contour contraction phase followed by an expansion phase. The use of this multiphase level set evolution was important, as the initial template registration may not have aligned the contours to be completely inside or outside the muscle of interest. The second modification consisted of a morphological cleanup between the two phases, which facilitated removal of erroneously segmented regions of subcutaneous fat and connective tissue.
The initial level set, f 0 , for each muscle was generated from the registered template contour.
where Ω was the domain of the level set function, Ω 0 was the area contained within the contour of the zero level set, and @ 0 was the zero level set. The level set evolution equation was
where μ, λ, and υ were constant weighting coefficients for the terms in the evolution equation, Δ was the Laplacian operator, and δ(f ) was the Dirac delta of the level set function. The edge indicator function g used to control the contour evolution was calculated as
where G σ was a 3×3 Gaussian smoothing kernel with standard deviation σ=0.5. Segmentation of the RF produced challenges due to its small size relative to the other quadriceps muscles and its highly variable location with respect to the femur, which was the main anchor point used for the initial registration of the template contours. Therefore, the initial level set for the RF was positioned using a single, user-selected point corresponding to the centroid of the RF. The initial RF contour from the template was centered at the userdefined centroid location. The level set segmentation was then performed using the newly positioned RF as the initial level set function.
The contraction phase was performed by setting the α parameter to a value greater than zero. The value of α was muscle-dependent, and it was experimentally determined to be 0.8 for VI, VL, and VM muscles. It was found that, because of the small size of the RF, a more vigorous contraction (created by a greater magnitude α) could possibly cause the contour to collapse to nothing. Therefore, the value of α was selected to be 0.5 for RF.
Following the contraction phase, the contour was filtered to remove high-intensity pixels along the borders, which corresponded to fat and connective tissue. Morphological erosion was then performed, using a square 3×3 structuring element, in order to shrink the contour so as to be contained within the muscle being segmented. The expansion phase was performed by setting the α parameter to a value less than zero. Again, the value was set to be muscle dependent. For the RF and VL, its value was set to −2; for the VI and VM, its value was set to −1.5.
The evolution of the contours was subjected to stopping conditions, which were based on anatomical statistics calculated from the training set (Table 3 ). The mean areas of each of the four quadriceps muscles were used to define minimum and maximum areas for the evolving contours. The minimum/maximum areas were calculated as mean±2 standard deviations for each muscle. In addition to the anatomical stopping conditions, the contraction phase was limited to a maximum of 200 iterations, while the expansion phase was limited to 300 iterations.
Segmentation Post-processing
The muscle segmentations were further refined after completion of the level set segmentation (Fig. 10) . First, muscle segmentations that overlapped were iteratively split between the overlapping muscles. Pixels were assigned to each muscle depending on which muscle was smallest with respect to its average size in the training set of images. Second, regions of muscle that were not segmented but were most likely part of the quadriceps muscles were assigned to adjacent muscles in the same way that overlap regions were split. These unsegmented regions of quadriceps muscles were detected by their position in the thigh and proximity to the current segmentations of the quadriceps muscles. Figure 11 shows a working example of the segmentation procedure from initial template contour alignment on a pre-processed image through the final post-processing step.
RESULTS
Two readers performed manual segmentations for the entire dataset of 103 subjects, and the manual segmentations were performed by third year medical students with extensive anatomical knowledge and further training by a sports medicine professor (TMB). These manual segmentations were then compared to the automated segmentations. Overall performance of the segmentation method was evaluated with the Zijdenbos similarity index (ZSI), 34 a measure of agreement derived as a special case from the kappa statistic, between automated and manual segmentations of the muscles.
where A and M are the binary masks of the automated and manual segmentations, respectively. It is generally accepted in the medical image analysis community that ZSI values greater than 0.7 represent "excellent" agreement.
34,35
The results for the complete training and testing sets are shown in Table 4 . Examples of automated segmentations for six different subjects are shown in Figure 12 , along with their corresponding ZSIs in Table 5 .
Additional tests of the algorithm were undertaken to demonstrate the necessity of each step in processing and robustness to differences in parameter values.
The standardization of the image intensities and pre-processing of the image to be segmented in preparation for the level set segmentation were important steps for the effective performance of the algorithm. Table 6 shows results from the algorithm for the training set compared against the manual segmentations of reader 1 if no processing of the images is used. It can be seen that the segmentation of the RF is significantly affected, while that of the VI and VL are also affected, albeit less significantly.
Tests were performed to quantify the effect of a poorly selected initial point for the RF. The user selected points were randomly perturbed by ±2 in both the x and y directions. These newly generated poorly selected points were then used for the initial location of the RF. It was found that the overall performance of the algorithm was unaffected by these perturbations. Therefore, the algorithm is robust to poorly selected initializations for the RF.
Varying the value of α for the contraction and expansion phases demonstrated that the magnitude of alpha did not have as much effect as the sign. The values were varied from 0.01 to 1.3 for the contraction phase and from −1 to −2.5 for the expansion phase, with the final performance of the algorithm being unaffected by the different values. Therefore, the algorithm is robust to variations in the value of α.
DISCUSSION
The automated segmentation algorithm developed in this paper performs well for each of the four quadriceps muscles. The performance of the algorithm for the RF, VI, and VL muscles was within the range of "excellent" agreement for both manual readers, while the performance for VM was just short of excellent agreement. 28 These levels of agreement demonstrate the robustness of the algorithm despite the significant anatomical variability (e.g., body type) that was seen among subjects in the OAI study.
Some variation in the algorithm's performance for the individual muscles was observed. The segmentations of the RF, VI, and VL were generally more accurate than the segmentations of the VM. This may be due to the relative consistency of the shape of the RF, VI, and VL muscles when compared to the VM. In addition, the VI and VL muscles were each bordered on one side by a fairly consistent anatomy: the femur in the case of the VI and the subcutaneous fat for the VL. The subcutaneous fat bordering the VM was not as consistent due to the RF coil artifact, and so this muscle's segmentation did not benefit from this anatomy.
The performance of the algorithm needs to be further improved for the VM. The lower performance of the automated algorithm on VM may be explained by the difficulties in anatomical delineation from surrounding muscles. On the other hand, differences in shape and surrounding musculature are not adequate to explain the difficulties in automated segmentation of the RF.
Preprocessing of the images, specifically the N3 correction of the bias field, was not able to adequately remove the RF coil artifact (Fig. 13) . In fact, further preprocessing of the image by anisotropic diffusion may have also accentuated the sharp, high-frequency edge of this artifact. Therefore, creation of an incorrect, high gradient edge could have caused the evolution of the levelset contour to be inhibited from the correct edge. An attempt to correct the artifact through a localized multiplicative bias field was unsuccessful. This was mainly due to the complete loss of intensity information due to the artifact such that no appropriate correction field could be found, which would offer consistent results among all subjects. The variability of the RF location coupled with its small size causes a significant challenge in the positioning of the initial contour for the completely automated level set segmentation. Examples of subjects on whom the algorithm performed poorly are shown in Figure 14 . These figures exhibit some of the main problems that can cause inadequate segmentations, such as significant acquisition artifacts and extreme anatomical variation. In Fig. 14a , the poor algorithm performance is due mainly to the extreme acquisition artifact near the RF. The result is an undersegmentation of the RF. The signal information lost in this image could not be retrieved using the N3 algorithm, and development of further bias field correction techniques was outside the scope of this work. In Fig. 14b the acquisition artifact again causes problems, but in this case the effect is more on the VM, causing an inappropriate expansion of the level set contour to include the dark region as muscle. In Fig. 14c , the substantial anatomical variation in this image causes inappropriate segmentations of the VI, VL, and VM.
A long-term goal of our work is a quantitative analysis of the entire knee joint, combining imaging, clinical scores, symptoms, demographics, genetics, etc., into a predictive model of factors related to OA of the knee. The analysis of the quadriceps from MRI was felt to be an important step toward this long-term goal. The (semi)-automated segmentation of the images is important for efficient and accurate analysis of the images obtained from large data sets for current research purposes and also for future dissemination of results for use by researchers and clinicians.
The described general framework for segmentation (population modal analysis and selection of representative templates plus level sets for capturing anatomical variation) will be very useful for other segmentation problems that are currently being addressed (muscle, bone, meniscus, and cartilage). It is true that some of the parameters (e.g., α in the level set procedure) will need to be adjusted for new applications. However, even with the adjustment of parameters, the combination of population-representative templates with individual-specific level sets variation is a powerful method of general medical image segmentation. Future refinement of the segmentation algorithms will consist of temporal analysis of cases, implementation of more refined level set procedures, which incorporate more information than just the image gradients, and improvement of the registration accuracy and the application of active shape models, or comparable methods, for template generation, which will allow for even more robust handling of significant anatomical variations between subjects.
CONCLUSION
We have presented a semi-automated method of segmenting each of the quadriceps muscles from MR images. The method uses a novel templatebased level-set technique. Performance of the developed segmentation algorithm was compared with manual segmentations, and a promising agreement was observed. This work will enable researchers to further explore the relationship between individual muscles of the quadriceps and risk for progression of OA. Moreover, novel treatment and prevention programs may be possible based on a continuation of this work and investigation of a larger number of subjects over a period of time.
